Soil compaction degrades soil structure and affects water, heat, and gas exchange 4 as well as root penetration and crop production. The objective of this study was to use X-5 ray computed microtomography (CMT) techniques to compare differences in geometrical 6 soil pore parameters as influenced by compaction of two different aggregate size classes. 7
INTRODUCTION 32
Degradation of soil structure is a serious worldwide problem (Schrader et al., 33 2007). Soil structure is important for crop production because it partly determines 34 rooting depth, the amount of water that can be stored, and movement of air, water, 35 nutrients, and soil microfauna (Brussaard and van Faassen, 1994; Whalley et al., 1995) . 36
During soil compaction, soil structure is degraded and soil aggregates are consolidated 37 decreasing soil porosity; and subsequently these changes alter water, heat, and gas 38 transport as well as root penetration and soil productivity (Kim et al., 2010 Green et al., 2003) . Differences in porosity among dissimilar soils and 44 treatments are often quantified using bulk density estimated with soil cores, changes in 45 soil thickness, and changes in penetrometer resistance. Porosity determined bytraditional methods often lacks detailed information on spatial variability in geometrical 47 assembly of pore throat network, and geometrical characterization of pore throat network 138 (http://www.ams.sunysb.edu/~lindquis/3dma/3dma_rock/3dma_rock.html accessed June 139
2012). 140
The grey-scale intensity of each CT-image voxel is an integer value from 0-255 141 (2 8 bit scale). Simple thresholding and indicator kriging (IK; Oh and Lindquist, 1999 ) 142 separated the voxels into two populations using intensity values and voxels having 143 intermediate intensities by using the maximum likelihood estimate of the population set, 144 respectively ( Fig. 1) . Indicator kriging requires sub-populations of voxels for each phase 145 (pore and solid) to be positively identified. The remaining voxels were assigned by the 146 IK algorithm according to neighborhood statistics. This was satisfied by using grey-scale 147 intensity values for air and aluminum as threshold cutoff values. These two thresholds 148 were set manually on histograms to separate populations. 149
The Medial Axis of a digitized sample is a 26-connected centrally-located 150 skeleton of voids which preserves the topology and geometry of the object (Sirjani and 151 Cross, 1991 ). An erosion-based algorithm is used to extract and modify the medial axis 152 of the pore space (Lee et al., 1994) . Spurious paths, which are not significant descriptors 153 of the object, and all dead-end paths were removed (trimmed) from the volume. A filter 154 was used to minimize misidentification of segmentation artifacts such as small isolated 155 pores/clusters. The process resulted in the medial axis, 'backbone'. 156 3DMA uses throat finding algorithms (Venkatarangan, 2000; Shin, 2002) to 157 determine the location of minimal area cross-sectional surfaces where one or more void 158 paths pass, called pore-throats (Kwiecien et al., 1990) . The throat region is defined bythe voxel sets through which each triangulated throat surface pass, and throat surface 160 areas are determined as triangulated interfaces. 161
The next step is to determine the network of pore paths (a connected curve of 162 voxels) and vertices (a cluster of one or more voxels where three or more paths intersect). 163
Throat surfaces separate pore spaces and determine network of pores. Pores are cross-164 indexed with their connecting throats and adjoining pores while throats are cross-indexed 165 with the pores they connect. The algorithm also computes a center of mass, principal 166 directions for each pore, and the diameter passing through the center of mass in each 167 principal direction. An effective pore radius can be computed using the sphere of 168 equivalent volume. The analysis generated distributions of the principal diameters and 169 the effective radius values for the pores and throats. 170
Path length (the distance between the centers of any two adjacent nodal pores 171 along the mid line of the connecting path) is determined by the distance measure 172 algorithm (Lindquist, 2002 ). Dijkstra's algorithm (Cormen et al., 1990 ) embedded as 173 part of the 3DMA software determined path tortuosity. The algorithm uses a gamma 174 distribution for tortuosity probability distribution (Lindquist et al., 1996) and generated 175 tortuosity of each pore and, and average and cumulative tortuosity values for each 176 sample. The software generated an assembly of pore networks and geometrical 177 characteristics of pore networks. The following information generated by the 3DMA was 178 pore radius decreased with increasing density. However, aggregate particle size had no 216 significant effect on measured pore radii. Mean pore radii were 62.64 and 62.29 μm for 217 0.5 and 2.0 mm aggregate sizes (averaged for both densities), respectively. 218
Similar to effective pore-radii, log-transformed pore volumes were used for 219 analysis. Table 1 shows that total pore volume, largest pore size, mean pore volume, and 220 number of pores decreased with increasing compaction for the high density samples 221 compared to low density. The largest pore volume and number of pores were different 222 (p<0.10, Fig. 3 ). However, the largest pore size was 2.7 times larger in the less 223 compacted treatment as compared to the high-density treatment. The average pore 224 volumes were 7.1x10 5 and 6.6x10 5 μm 3 for 1.51 and 1.72 Mg m -3 bulk density treatments 225 (averaged for both aggregate sizes), respectively. CMT-measured porosity values were 226 10.9% and 4.9% for the high and low-density treatments, respectively. Note that the 227 CMT-measured porosity is lower than the core-estimated porosity due to the limited 228 resolution of the scanner. Total core porosity was 1.2 times smaller and CMT-measured 229 pore volume was 2.2 times smaller in the high-density treatment as compared to the low-230 density treatment. This result is consistent with the fact that the soil porosity should 231 decrease when moving from low to high bulk density; although the range in values will 232 be smaller for the bulk core properties. The aggregate size-class containing finer 233 aggregates (H5) had 1.7 times more pore volume, 2.1 times greater largest pore volume, 234 and more pores than the aggregate class including larger aggregates (H2). In terms radii may exist among treatments, the effects may be somewhat less dominant due to 244 fewer aggregates (due to sandy texture) and/or few inter-aggregate spaces (due to sandy 245 texture). 246 247
Coordination Number 248
Higher pore coordination numbers (CN) imply greater connectivity developing 249 between nodal pore sites that are well connected and extended; a good pore network. 250
Coordination numbers varied between 3 and 40 and ≤ 20 were used to develop 251 relationships (Fig. 4) . Coefficients of determination for the CN and probability 252 relationships were > 0.99 for all treatments. The coordination number constant (Co) 253 values varied between 5.70 and 6.62 with a mean of 6.13±0.32 for all samples. 254
Coordination number constants were greater for low-density (6.32) than high-density 255 (5.94) treatment (Table 1; p<0.10). The low-density treatment had 6% greater probability 256 for pore connectivity than the high-density treatment. The same trend was observed for 257 both aggregate categories of low-density treatments as compared to the high-density 258 (Table 1) This also suggests that these soils with more uniform larger grain size lose more pore 275 connectivity than small particles during compaction. Results may indicate that the rate of 276 air and liquid flow may be reduced by compaction due to a lower number of connected 277 pores. Another reason for the observed Co values could be that compaction preferentially 278 affected larger pores reducing them in size while smaller pores maintained the same 279 connectivity (Fig. 1, 2, and 3) . This pattern has been observed by soil water retention have been attributed to larger pore spaces among larger particles that reduced the distance 305 due to relatively easier corners in the media. They also noticed that relative path lengths 306 were higher through pores as compared to over the grains in their scanning electron 307 microscope study with cubic sodium chloride. 308
309
Path Tortuosity 310 Figure 6 shows that probability decreased with increasing path tortuosity and 311 tortuosity values ranged from 1 to 3.7. The highest probability occurred at a path 312 tortuosity of 1.12. In general, the probability was less than 0.05% for path tortuosity 313 values greater than two and the distribution of data points were more scattered for 314 tortuosity values > 2.5, greater deviation from a linear distribution with probability. 315
Although tortuosity of the pore network depends on the grains in the media 316 (Friedman and Robinson, 2002), the aggregate treatment was not significant in the 317 current study (p=0.13; Table 1 ). Slightly greater tortuosity for smaller particles could be 318 due to image analysis techniques as larger particles create larger spaces between particles 319 thus reducing the tortuousness of paths. In contrast, tortuosity increased linearly with 320 increasing particle size and the gas diffusion coefficient decreased in a plant growth 321 media study with 1 to 16 mm size bark materials (Knongolo and Caron 2006) . Higher 322 tortuosity values due to compaction, aggregate size, or management affect water, solute, 323 and gas movement through the media and higher tortuosity imposes greater resistance. 324
Mean tortuosity values were 1.20 and 1.21 for 1.51 and 1.72 Mg m -3 bulk density 325 treatments, respectively (Table 1) . Pore paths were 0.8% more tortuous for the higher 326 compaction as compared to the lower compaction (not significantly different). In 327 addition, the probability was slightly higher for tortuosity > 2.5 for more compacted soils 328 than the 1.51 g cm -3 bulk density soil. 10.5%, demonstrated the greatest ability to discriminate among treatments.
Our results suggest that inclusion of CMT pore characteristics allow a better 364 description of soil structure that can discriminate differences in pore characteristics of 365 soil. 366
367

CONCLUSIONS 368
This study provides insight into the effects of compaction of two aggregate-size 369 classes on soil structure parameters through the application of computed 370 microtomography technology at a 9µm scale using a nondestructive and 3-dimensional 371 rendering microtomography of a loamy sand soil. Two compaction levels on pore radius, 372 largest average pore volume, number of pores, characteristic coordination number, and 373 path length were investigated. The results provide a picture of how the pore space 374 changes as the porosity decreased with compaction. These results can improve 375 quantification and the ability to model soil structure. This method should aid with the 376 development of tools to better assess soil structure and the measure the benefits of soil 377 management to improve soil quality. 378
The study approach detected significant differences in certain measured 379 parameters. The study results also show that differences in tortuosity were not clearly 380 detected by the microtomography method used in this study. This could possibly be 381 because of the imaging resolution and image analysis procedures used in the study. 
